Their work to achieve CRISPR-based KO by reducing inframe mutations is creative, since in-frame mutations retain protein functionality therefore reducing KO efficiency. Nevertheless, further works are still needed to systematically investigate the relationship between sequence microhomology and in-frame mutations as well as other factors that may influence the occurrence of in-frame mutations in CRIPSRbased KO, taking advantages of the analysis of the posterior high-throughput next-generation sequencing data in CRIPSRbased KO experiment. To address this issue, a comprehensive analysis of 68-sgRNA Hela cell line deep sequencing data 2 by our pipeline CAGE (CRISPR KO Analysis based on Genomic Editing data) (Figure 1a , Supplementary Materials) deeply investigated the relationship between microhomology profile and in-frame mutation occurrence, and presented new clues for the efficient CRISPR-based sgRNA design in terms of reducing in-frame mutations.
MICROHOMOLOGY PROFILE MAY NOT BE CONSIDERED AS A GENERAL sgRNA DESIGN FEATURE
Although several previous studies reported the involvement of MMEJ in the mutations introduced by CRISPR-Cas or TALEN, 2, 8 there still exist controversial statistics on the occurrence of MMEJ-mediated indels, which probably lie in the vague and unclear definitions between NHEJ and MMEJ as well as the existed cell type heterogeneity tested. In our study, we strictly followed the review article presented by Mitch McVey et al., 3 which indicated that MMEJ and NHEJ can be distinguished by the length of microhomologous sequence. Microhomologous sequence between 5-25 bp suggests the triggering of MMEJ, while microhomology whose length is under 5 bp actually trigger NHEJ. 3 Based on this definition, our sequence-level analyzing pipeline shows that only one occurrence of MMEJ (microhomology over 5 bp) was identified among all the single deletion reads (1/134,008), indicating that the MMEJ pathway is rarely used compared to NHEJ-based DNA repair, at least in Hela cell. (Supplementary Table S1 , Supplementary Table S3a, Figure 1b) . This is not surprising as MMEJ serves as a complementary pathway only when NHEJ is unavailable. 3 We then tested whether microhomology is a crucial factor for the frameshifting paradigm occurring in the Hela dataset, by performing a contingency table analysis ( Supplementary Table S2 ) to compare the enrichment ratio of in-frame mutations between those occurring with and without microhomology (Supplementary Materials). We found no statistically significant correlation between the frameshifting paradigm and microhomology for all the 68 sgRNAs (Figure 1c,e) . We further investigated the microhomology profile in mouse mESC 9 and zebrafish cells 10 based on the posterior analysis of the next-generation sequencing data using CAGE. We found that in these two cell types, MMEJ also rarely occurred and the contingency table based statistical analysis indicated that for most sgRNAs, the correlations between the frameshifting paradigm and microhomology are not statistically significant (Supplementary Materials). Besides our study, the recently work by John Doench et al. reported that "Microhomology features, suggested to improve sgRNA activity, were predictive on their own but did not improve performance when added to our final model". Their study, from the view of feature selection to tune a sgRNA activity prediction model, also indicated that microhomology feature may be redundant for the final prediction performance.
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FURTHER EXPERIMENTAL VALIDATION USING EGFP REPORTER SYSTEM DETECTING NO MICROHOMOLOGY-RELATED NHEJ
In order to testify our hypothesis in other cell type, CRISPRbased gene knockout experiment was performed upon our Deciphering relationship between microhomology and in-frame mutation occurrence in human CRISPR-based gene knockout LETTER TO THE EDITOR Figure 1 The analyzing pipeline and corresponding microhomology pattern analysis results. (a) A computational pipeline CAGE for the analysis of CRISPR-Cas9 knock-out next-generation sequencing (NGS) data; (b) The sgRNA-Indel table generated by our pipeline; (c) An illustration of the microhomology pattern detected in the NGS data; (d) Comparisons of the Pearson coefficient calculated as the out-of-frame score correlated to the frequencies of the out-of-frame shifting reads among the indel reads, with that of the out-of-frame score correlated to outof-frame shifting reads among all sequence reads, for one TALEN and two REGN datasets respectively 1 ; (e) Contingency table analysis for the 68 sgRNAs in Hela cell, showing that for all the 68 sgRNAs, no significant correlations between the frameshifting paradigm and microhomology exist; (f) An illustration of the selected genomics features that influence the OTF ratio prediction. Given the notable difference in the prediction performance of the model using genomic features and epigenetic features, we assume that the epigenetic features mainly affect the affinity between the CRISPR-Cas9 complex and chromatin. This may serve as a precondition to trigger the nonhomologous end-joining (NHEJ) pathway to generate indels. Therefore, epigenetic features may not be an appropriate influence factors on sgRNA KO out-of-frame mutation occurrence rate, because epigenetic features correlate more with the sgRNA binding affinity than with out-of-frame mutations. On the other hand, we propose that genomic features mainly affect the eventual in-frame mutations of the CRISPR-Cas9 KO system by nucleotide pairings when the chromatins are open, because NHEJ is easily triggered in this case. Such sequence determining factors can be learned from the CRISPR-based sgRNA KO data. In summary, we present a learning-based model to predict the out-of-frame mutation occurrence rate to raise our concerns regarding the microhomology-based choice of target sites. Notably, although the current training number of sgRNAs is relatively small, our pipeline can incorporate more samples when more CRISPR-based KO sequencing data emerge. In the current study, we witnessed from limited data that the relationship between micohomology profile and in-frame mutation occurrence is needed to be carefully investigated, and the current conclusions are drawn on specific cell types. The accumulation and analysis of more data will allow for the identification of more representative sequence determinants for improved on-target sgRNA design for different cell type or organism. We hope our study will make useful complementary to the study pioneered by Sangsu Bae et al., lead to increased efforts to clarify the DNA double-strand break repairing mechanism, and provide novel clues for efficient sgRNA design to reduce in-frame mutations. Avaliability: We established CAGE (CRISPR KO Analysis based on Genomic Editing data), a CRISPR-cas9-based genome editing data analysis pipeline, for the analysis of indels and microhomology patterns from CRISPRCas9 knock-out NGS data and evaluation of sgRNA KO efficiency. CAGE is available at https://github.com/bm2-lab/cage. enhanced green fluorescent protein (EGFP) reporter system as previously described in HEK293 cell. 13 Because CRISPR/ Cas9-mediated gene knockout is generally based on functional NHEJs, here, we analysis CRISPR/Cas9-mediated EGFP KO to obtain functional NHEJs (EGFP-negative cells), which is more straightforward for the study of functional microhomology-related NHEJ but not total NHEJ. Specifically, we designed three sgRNAs (Supplementary Table S3b ) to specifically target EGFP DNA sequence (Supplementary Materials). Next, EGFP gene was inactivated by transfection of the corresponding CRISPR/Cas9 plasmids. The EGFPnegative cells were obtained by fluorescence-activated cell sorting. The whole coding sequence for GFP was amplified, cloned into the cloning vector and individual clones were sequenced by Sanger sequencing. Lastly, we checked the functional indel pattern of the sequencing results and identified that they exist no microhomology pattern in the related NHEJ-mediated indels (Supplementary Table S3b ). It should be noted that the analysis of NHEJ pattern in EGFPnegative cells is focused on functional NHEJ but not the total NHEJ, which indicated that MMEJ is rare in this test.
FREQUENCY OF OUT-OF-FRAME DELETIONS/INDELS IS NOT A PROPER INDICATOR FOR SGRNA EFFI-CIENCY ESTIMATION
To estimate sgRNA efficiency, Sangsu Bae et al. defined the out-of-frame score, which correlated well with the frequency of out-of-frame indels in their study. Frequency was calculated by the ratio of out-of-frame reads among all the deletions/indels per sgRNA, but we consider it more appropriate to use the ratio of the out-of-frame shifting reads among all sequencing reads per sgRNA, to quantitatively represent the sgRNA efficiency. Notably, occurrence of the indel is the prerequisite for CRISPR-based KO efficiency with respect to the frameshifting paradigm. Careful analysis of the sequencing data indicated that although many sgRNAs have a high frequency of out-of-frame deletions among indels, they actually generate a very low number of indels at first, resulting in low KO efficiency. We calculated the Pearson coefficient of the out-of-frame scores with the frequencies of the out-offrame shift among all the number of sequence reads for one TALEN and two REGN datasets, 2 and the correlations were significantly lower than those in the previous report ( Figure  1d) .
A LEARNING-BASED MODEL TO PREDICT THE OUT-OF-FRAME MUTATION OCCURRENCE RATE IN sgRNA DESIGN
We first collected a comprehensive set of genomic features for sgRNAs and modeled their effects on the frequency of out-offrame shifting reads among all sequencing reads (defined as the "OTF ratio", Supplementary Materials). These features were coded in a dummying coding way (Supplementary Table  S4 ) and the genomic feature representation of the 68-sgRNA samples in HeLa cell line is presented in Supplementary  Table S5 . These features were incorporated into a LASSO model and crucial features were selected (Supplementary Table S6 , Supplementary Materials). Our prediction model was fivefold cross-validated on the 68 sgRNAs, achieving a mean correlation of 0.87 (P value < 0.01) in the out-of-frame mutation occurrence rate prediction with the selected determining genomics features (Figure 1f) . We then generated a group of epigenetic features ( Supplementary Table S8 ) describing the 68 sgRNAs (Supplementary Table S7 ) and modeled their prediction ability, although these epigenetic features seemed to have less predictive power, probably due to the lack of samples to be tested. We further tested our epigenetic model on three relatively larger sgRNA efficiency datasets 14 with improved prediction abilities (Supplementary Table S9 ). Recent work also indicates that both sequence composition and locus accessibility are important in determining sgRNA KO efficiency. 
